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Abstract 
This paper proposes a data envelopment analysis (DEA) approach to computation of a measure of overall service 
quality and benchmarking when measuring service quality with SERVQUAL. Dealing with the five dimensions of 
SERVQUAL as outputs, the proposed approach utilizes DEA as a tool for multiple criteria decision making 
(MCDM), in particular, the pure output DEA model without inputs. Since DEA measures the relative efficiency of 
decision making units (DMUs) and identifies a set of corresponding efficient DMUs called a reference set that can 
be used as benchmarks for improvement of inefficiency DMUs, it is capable of providing clear guidelines for 
benchmarking of service quality in multi-unit services. 
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1. Introduction 
Since service quality is increasingly recognized as a critical determinant of business performance 
and a strategic tool for gaining competitive advantage [1], measuring service quality has been a matter 
of grave concerns for both practitioners and researchers during the past two decades. There is an 
extensive body of knowledge on service quality, and has also been a continued research in terms of 
definition, model, and measurement of service quality [2]. Notwithstanding some theoretical and 
operational criticisms, without question, the most popular measure of service quality is SERVQUAL 
developed by Parasuraman et al. [3]. It is a multi-item instrument for measuring service quality based 
on the gap model in which service quality is a function of the differences between performance and 
expectation [4]. The advent of SERVQUAL has spawned a considerable amount of related research on 
its practical applications as well as theoretical discussions. A number of applications of SERVQUAL 
have been reported in a variety of settings [5]. Much academic attention has been paid to its scales, 
dimensions, reliability, and data analysis for more effective measurement of service quality. 
What is of particular interest in this paper is analysis on surveyed data in using SERVQUAL. The 
original instrument of SERVQUAL is comprised of five dimensions with 22 items. Analysis of 
SERVQUAL can take several forms such as item-by-item analysis, dimension-by-dimension analysis, 
and computation of the single measure of overall service quality [6]. A single measure can also be 
obtained in various ways such as simple sum or average, weighted sum, and weighted average with 
weights assigned for each dimension or each item. One of the main reasons for producing a single 
measure of overall service quality across all the dimensions is to compare overall performance between 
multiple service units and, thus, to improve performance of units falling behind through benchmarking. 
However, benchmarking based on a simply aggregated measure of service quality has a limitation that 
there is no clear guideline for determining who to benchmark and what amount of service quality to be 
improved.  
To address this limitation, this paper proposes a data envelopment analysis (DEA) approach to 
computation of a measure of overall service quality and benchmarking when measuring service quality 
with the five dimensions of SERVQUAL. DEA is a linear programming model for measuring the 
relative efficiency of decision making units (DMUs) with multiple inputs and outputs [7]. Setting aside 
such advantages of DEA as capability of handling multiple inputs and outputs, no need for prescribed 
functional forms of production and weights to be attached each input and output, the greatest merit of 
DEA is to provide guidelines of benchmarking for inefficient DMUs. For each of the inefficient DMUs, 
DEA identifies a set of efficiency units, called the reference set, that constitute its benchmark with 
information on how much should be improved to be efficient [8]. Thus, producing a single measure of 
service quality with DEA automatically draws up guidelines for how to conduct benchmarking of 
service quality in terms of each dimension. 
The remainder of this paper is organized as follows. Section 2 reviews the DEA models used in this 
study, and Section 3 explains the proposed approach. The paper ends with conclusions in Section 4. 
2. DEA 
DEA is a non-parametric approach that does not require any assumptions about the functional form 
of a production function and a priori information on importance of inputs and outputs. The relative 
efficiency of a DMU is measured by estimating the ratio of weighted outputs to weighted inputs and 
comparing it with other DMUs. DEA allows each DMU to choose the weights of inputs and outputs 
which maximize its efficiency. The DMUs that achieve 100% efficiency are considered efficient while 
the other DMUs with efficiency scores below 100% are inefficient. For every inefficient DMU, DEA 
identifies a set of corresponding efficient DMUs called a reference set that can be used as benchmarks 
for improvement. DEA also allows for calculating the required amount of improvements in the 
inefficient DMU’s inputs and outputs to make it efficient. 
The first DEA model proposed by Charnes et al. [9] is the CCR model that assumes that production 
exhibits constant returns to scale. Banker et al. [10] extended it to the BCC model for the case of 
variable returns to scale. DEA models are also distinguished by the objective of a model: maximize 
outputs (output-oriented) or minimize inputs (input-oriented). The output-oriented BCC model 
employed in this study is formulated as 
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where X is the matrix of input vectors, Y is the matrix of output vectors, (xo, yo) is the DMU being 
measured, Ș is the reverse of the efficiency score, Ȝ is the vector of intensity variables. The only 
difference between the CCR and BCC model is the presence of the convexity condition,  .  
While DEA was originally developed for measuring efficiency of multiple units performing a 
transformation process of several inputs and several output, DEA is now playing a broader role, as a 
tool for multiple criteria decision making (MCDM) problems [11]. Despite the fact that the traditional 
goals of DEA and MCDM differ in that MCDM aims to prioritize a set of alternatives having 
conflicting criteria, many researchers have found similarities between DEA and MCDM [12]. It has 
been recognized that the MCDM and DEA formulations coincide if inputs and outputs are viewed as 
criteria, with minimization of inputs and maximization of outputs [13]-[15]. Such criteria can be 
divided into two types: costs or negative (the smaller the value, the better) evaluation items as inputs 
and benefits or positive (the greater the value, the better) evaluation items as outputs [15]. Then, 
efficiency scores of DMUs are considered as priority weights or performance scores of MCDM. When 
this is the case, it is not assumed that inputs are necessarily and directly transformed into outputs. 
In some MCDM problems, there is no negative (or positive) evaluation item. In other words, all 
criteria are preferred to be high (or low); thus, only outputs (or inputs) exist when using DEA. To 
accommodate this kind of situations, Lovell and Pastor [16] suggested the pure output (or input) model 
without inputs (or outputs). They proved that an output-oriented CCR model with a single constant 
input and an input-oriented CCR model with a single constant output coincide with the corresponding 
BCC models, but a CCR model without inputs (or without outputs) is meaningless. The pure output 
model has successfully been employed in various problems such as target setting of bank services [17], 
facility layout design [18], and service process benchmarking [19]. This study also adopts the pure 
output model for aggregating the scores of the five dimensions of SERVQUAL into a single measure of 
service quality since all dimensions are positive items. 
3. DEA-SERVQUAL Approach 
3.1. SERVQUAL 
SERVQUAL is a multiple-item scale composed of five dimensions and 22 items for measuring 
consumer perceptions of service quality [13]. Table I presents the five dimensions of SERVQUAL. The 
survey instruments for SERVQUAL of include the 22 items for measuring expectations (E) and the 
corresponding 22 items for measuring perceptions (P). Five or seven point Likert scale from “Strongly 
Disagree (1)” to“Strongly Agree (7)” can be used for measurement. For each item, a difference score Q 
is obtained as the difference between the ratings on perception (P) and expectation (E); that is, Q = P – 
E. 
 
Table 1.  Dimensions of SERVQUAL  
Dimension Definition Number of items 
Tangibles Physical facilities, equipment, and appearance of personnel 4 
Reliability Ability to perform the promised service dependably and accurately 5 
Responsiveness Willingness to help customers and provide prompt service 4 
Assurance Knowledge and courtesy of employees and their ability to inspire trust 
and confidence 
4 
Empathy Caring, individualized attention the firm provides its cutomers 5 
Source: Parasuraman et al. [13] 
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3.2. DEA-SERVQUAL Correspondence 
Taking the two advantages of DEA, usefulness for benchmarking and applicability to MCDM, this 
study proposes a DEA-based approach to measuring and benchmarking of service quality. Measuring 
the overall quality of service units with SERVQUAL can be viewed as a MCDM problem in which the 
five criteria are employed for measuring the performance of the units in terms of service quality. Also, 
as mentioned in Section 2, DEA can be used as a tool for MCDM by considering input/output variables 
of DMUs as negative/positive criteria for evaluation of alternatives. Thus, DEA is capable of 
aggregating the scores of the five dimensions of SERVQUAL into a single measure of service quality. 
Fig. 1 depicts the correspondence between SEVQUAL and DEA. The DEA results not only contains 
information on the overall service quality of service units as efficiency scores, but also provides 
guidelines for benchmarking for each inefficient DMU.  
 
 
Fig. 1. DEA-SERVQUAL correspondenc 
Since the five dimensions of SERVQUAL are positive items from the perspective of MCDM, this 
study adopts the pure output model explained in Section 2. The pure output-oriented BCC model is 
obtained by removing the first constraint dealing with inputs from (1).   
3.3. Illustrative Example 
In this section, the following example is presented for the purpose of illustration of the proposed 
approach. The data for the five dimensions of SERVQUAL for 20 hypothetical service units were 
randomly generated for both perceptions and expectations. A uniform distribution from 1 to 7 was 
assumed to produce ratings with 7-point Likert scale. Then, DEA was conducted with the simulated 
data set of SERVQUAL. For operationalization of the pure output model, a single constant value of a 
virtual input, 1, is assigned for every DMU.  
Table 2 presents the generated data and results of DEA. The half of the service units is found to be 
efficient. For the other half of the service units who are inefficient, reference groups are identified for 
benchmarking. Using the weights obtained for each efficient DMU composing the reference group, the 
amount of improvements required to make an inefficient DMU efficient can be calculated. For SU 12 
whose efficiency score is 86.21, for example, the reference group composed of SU 6(0.28) and SU 
17(0.72) has been identified. Combining the ratings of the two benchmarks with the weights yields the 
target values for improvement for each dimension, which in turn produces the required amount of 
improvements, as shown in Table 3. 
 
Table 2. DEA data and results 
DMU Tangibles Reliability Responsiveness Assurance Empathy Efficiency score Reference group 
SU 1 2.3 0.6 3.6 5.4 5.3 100 
SU 2 5.8 0.1 2.4 5.2 0.8 100 
SU 3 1.5 0.3 0.2 1.0 1.3 26.05 7, 17 
SU 4 0.1 1.7 2.1 3.3 2.1 58.23 1, 6, 14 
SU 5 2.2 2.1 5.5 2.8 2.6 100 
SU 6 1.8 5.9 4.8 5.9 1.5 100 
SU 7 5.7 0.3 4.2 4.9 5.8 100 
SU 8 2.8 1.8 4.5 2.1 4.7 97.44 7, 17 
SU 9 0.4 1.2 0.4 2.2 2.9 54.86 7, 11, 14 
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SU 10 3.1 2.2 5.9 0.2 1.4 100 
SU 11 0.1 5.6 0.6 1.5 4.7 100 
SU 12 4.1 4.9 4.3 0.5 0.8 86.21 6, 17 
SU 13 4.5 3.8 1.0 2.4 3.3 83.13 7, 17, 19 
SU 14 4.3 3.3 1.1 5.8 4.1 100 
SU 15 3.2 4.8 4.8 1.6 1.1 88.47 10, 17 
SU 16 5.2 0.7 0.4 4.6 4.4 92.8 2, 7, 14, 17 
SU 17 5.9 5.6 5.4 3.3 3.0 100 
SU 18 4.0 2.9 0.9 0.2 4.8 88.23 7, 17, 19 
SU 19 4.0 4.4 3.5 0.9 5.4 100 
SU 20 2.3 1.2 1.2 2.0 2.0 43.81 7, 14, 17, 19 
 
Table 3. Benchmarking of SU 12 
Tangibles Reliability Responsiveness Assurance Empathy 
c SU 6 (0.28) 1.8 5.9 4.8 5.9 1.5 
d SU 17 (0.72)  5.9 5.6 5.4 3.3 3.0 
e Improvement target (=cค0.33+dค0.67) 4.76 5.68 5.23 4.03 2.58 
f SU 12 4.1 4.9 4.3 0.5 0.8 
g Improvement required (f-e) 0.7 0.8 0.9 3.5 1.8 
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4. Conclusions 
This paper proposes a data envelopment analysis (DEA) approach to computation of a measure of 
overall service quality and benchmarking when measuring service quality with the five dimensions of 
SERVQUAL. Dealing with measurement of the overall quality of service units with SERVQUAL as a 
MCDM problem, the proposed approach utilizes DEA as a MCDM technique, in particular, the pure 
output model without inputs.  
The current practice of benchmarking of service quality with SERVQUAL has a limitation that there 
is no clear guideline for determining who to benchmark and what amount of service quality to be 
improved. This study contributes to the field of measurement and benchmarking of service quality by 
overcoming the above limitation.  
Nevertheless, this study is subject to some limitations which could serve as fruitful avenues for 
future research. Firstly, a set of simulated data was used for the purpose of illustration of the proposed 
approach. A real case study on service practices needs to be conducted to provide practical implications. 
Secondly, the SERVQUAL ratings usually take the ordinal form. Basically, the standard DEA models 
are capable of treating cardinal data. However, in many DEA applications, qualitative or ordinal inputs 
and outputs have been quantified as a convenience to accommodate the DEA structure, this 
quantification might be superficial though [20]. To solve this problem, there have been a few 
approaches to accommodating ordinal data, such as imprecise model [21] and project model [22]. 
Employing these models is expected to make the screening results more accurate. Another option is to 
measure the performance of each dimension of SERVQUAL on a ratio scale. This will be dealt with in 
future research. 
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